1. Introduction {#sec1-1}
===============

In optical imaging there exist several noise sources such as electronic thermal noise, background noise, readout noise and photon shot noise \[[@r1]\]. Signal independent noise contributions (e.g., electronic thermal noise, background noise, readout noise) can be considered as normally distributed. However live samples are often observed at very low light levels, due to acquisition-time and photobleaching constraints \[[@r2]\]. In this case photon shot noise, which results from the random nature of photon emission, is the major source of noise in optical imaging. Photon shot noise, which is signal dependent, can be characterized by a Poisson distribution \[[@r3]\].

There are several wavelet based denoising methods applicable for optical microscopy when noise is described by a Poisson process \[[@r4]\]. One approach consists in "Gaussianizing" the Poisson measurements. This usually relies on a non-linear preprocessing of the data to stabilize the variance \[[@r5],[@r6]\]. After "stabilization", any high-quality AWGN (additive white Gaussian noise) denoiser can be applied. In general, denoising methods for AWGN reduction based on the wavelet transform consist of three steps: 1) calculation of the wavelet transform of the noisy image (decomposition), 2) modification the wavelet coefficients according to some rule (thresholding), and 3) calculation of the inverse transform using the modified wavelet coefficients (reconstruction). Main assumption of this type of denoising (thresholding) is small coefficients are dominated by noise, while coefficients with a large absolute value carry more signal information than noise. Thresholding may be global or level dependent, hard or soft, based on a priori known or estimated noise statistics \[[@r7]\].

For Poisson noise reduction, beyond "stabilization" there exist different approaches which use the fact that the unnormalized Haar wavelet transform has the remarkable property of preserving Poisson statistics in its lowpass channel \[[@r8]\]. For instance PURE-LET (Poisson Unbiased Risk Estimate-Linear Expansion of Thresholds), is based on the minimization of an unbiased estimate of the MSE (Mean Square Error) for Poisson noise and the preservation of Poisson statistics across scales within the Haar DWT (Discrete Wavelet Transform) \[[@r9]\].

Although DWT has been successfully used for image denoising, it has shortcomings such as shift variance, aliasing and lack of directionality \[[@r10]\]. To overcome these limitations DT-CWT (Dual Tree Complex Wavelet Transform) is introduced \[[@r11]\]. In our proposed denoising algorithm, test images are decomposed using DT-CWT and soft thresholding is applied to the wavelet coefficients. Using similar approach as PURE-LET method we determined threshold values for wavelet coefficients based on approximation coefficients at the same scale.

Unlike other test images we evaluated performance of our algorithm on collagen images by CNR (Contrast to Noise Ratio) metric. The quality of the collagen fiber images from the TPLSM (Two Photon Laser Scanning Microscopy) is poor \[[@r12]\]. For this type of images denoising may blur fibers, making them harder to detect. Our proposed method preserves edges while reducing noise substantially.

2. Materials and methods {#sec1-2}
========================

2.1. Dual tree complex wavelet transform {#sec2-1}
----------------------------------------

For the DWT small changes in the input may cause large changes in the wavelet coefficients. Furthermore aliasing occurs due to downsampling. Inverse DWT cancels this aliasing provided if the wavelet and scaling coefficients are not changed (e.g., noise, thresholding) \[[@r10]\]. The other disadvantage of DWT is its poor directional selectivity (e.g., inability to distinguish between +45° and −45° spectral features). These problems of Real DWT can be solved using complex wavelets. However, a further problem arises in achieving perfect reconstruction for complex wavelet decomposition beyond level 1. To overcome this, Kingsbury proposed the DT-CWT, which allows perfect reconstruction while still providing the other advantages of complex wavelets \[[@r13]\].

The DT-CWT uses analytic filters to perform the wavelet analysis. It uses two Real DWT trees to implement its real (tree a) and imaginary (tree b) parts. DT-CWT decomposes a signal in terms of a complex shifted and dilated mother wavelet ψ(x) and scaling function φ(x). The real (r) and imaginary (i) parts of the wavelet and scaling functions for one dimensional case can be described as
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where *L* represents lowpass filters and *H* represents highpass filters. The wavelet functions *ψ~r~* and *ψ~i~* produce the complex wavelet function *ψ~c~*, which is given by *ψ~r~* + *jψ~i~*. The table of coefficients of the analyzing filters in the first level ([Table1](#t001){ref-type="table"} Table 1First level coefficients of the analysis filters**L~a~H~a~L~b~H~b~**000.011226790−0.08838834−0.011226790.0112267900.088388340.01122679−0.08838834−0.088388340.695879980.088388340.08838834−0.088388340.695879980.088388340.695879980.695879980.08838834−0.695879980.69587998−0.69587998−0.088388340.695879980.088388340.088388340.01122679−0.08838834−0.088388340.088388340.01122679−0.0883883400.01122679000−0.01122679) and the remaining levels ([Table 2](#t002){ref-type="table"} Table 2Remaining levels coefficients of the analysis filters**LL~a~LH~a~LL~b~LH~b~**0.0351638400−0.035163840000−0.08832942−0.11430184−0.114301840.088329420.23389032000.233890320.760272370.587518300.58751830−0.760272370.58751830−0.760272370.760272370.5875183000.233890320.233890320−0.114301840.08832942−0.08832942−0.1143018400000−0.035163840.035163840) are given \[[@r14]\]. The coefficients of the synthesis filters are the transposes of the analysis filters.

In order to extend the transform to two-dimensional signals, a filter bank is applied separably in all dimensions. To compute the 2D DT-CWT of images the pair of trees are applied to the rows and then the columns of the image.

2D DT-CWT produces six high-pass subbands as well as two lowpass subbands at each level of decomposition ([Fig. 1](#g001){ref-type="fig"} Fig. 1Decomposition with 2D DT-CWT.). In [Fig. 1](#g001){ref-type="fig"} \[[@r14]\], L represents lowpass filters and H represents highpass filters. Each filtering operation is followed by a downsampling by two. Six directional wavelets of DT-CWT are obtained by taking sum (Ʃ) and difference (Δ) of high-pass subbands which have the same pass bands.

As a result wavelets oriented at ±15°, ±45° ve ± 75° are obtained as \[[@r15]\]
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Denoised image is obtained by performing inverse DT-CWT after modifying the wavelet coefficients according to some rules.

The DT-CWT gives a 4:1 redundancy for 2D images, this redundancy allows both shift invariance and good directional sensitivity.

2.2. Test images {#sec2-2}
----------------

In order to validate our method we used eleven test images ([Fig. 2](#g002){ref-type="fig"} Fig. 2Test images.). Six of them are microscopic images that taken from Nikon and Olympus Fluorescence Microscopy Digital Image Gallery websites (Madin-Darby Canine Kidney Epithelial Cells, Mouse Kidney Tissue, African Water Mongoose Skin Fibroblast Cells, Tahr Ovary Epithelial Cells, Lily Flower Bud, Human Roundworm). Three of them are standard test images (Cameraman, Lena, Peppers) and one of them is Magnetic Resonance Image.

Additionally, in order to evaluate the performance of our algorithm on fibrillar structures in terms of contrast to noise ratio, we used Collagen I SHG (Second Harmonic Generation) image (UA Bimedical Eng. Lab.).

2.3. Proposed method {#sec2-3}
--------------------

Firstly degraded image was decomposed using one level DT-CWT. Two approximation and six wavelet coefficients are obtained. Six complex wavelets are oriented in ±15°, ±45° and ±75° directions and captures image information in that direction. Our proposed method use the approximation coeffients at the same scale for the threshold value of wavelet coefficients. The threshold values for real and imaginary parts are calculated as:
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where *a~r~* and *a~i~* represents real and imaginary parts of the approximation coefficients at the first level respectively.

Soft thresholding is applied separately to the real and imaginary parts of the wavelet coefficients.
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where *x* represents noisy coefficients, *T* represents threshold value and *f*(*x*) represents thresholded coefficients. After soft thresholding denoised image is obtained by performing inverse DT-CWT.

To validate the effectiveness of our proposed method, it is compared with Wavelet Packet Transform based soft thresholding denoising and a state-of-the art method called PURE-LET which is very efficient for the denoising of images corrupted by Poisson noise \[[@r9]\].

2.4. Image quality metrics {#sec2-4}
--------------------------

The performance of the proposed de-noising algorithm is quantitatively assessed using RMSE (Root Mean Square Error).
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where *G* represents degraded image, *F* represents reference image and *mn* represents image size.

Test images were degraded artificially with Poisson noise. The RMSE values were calculated for images before and after the applications of the denoising methods ([Table 3](#t003){ref-type="table"} Table 3Comparison of proposed method with other methods in terms of RMSE**Noisy ImageProposed MethodPURE-LETWavelet Packet**Image 15.3612 ± 0.03263.6574 ± 0.02274.1202 ± 0.02224,3589 ± 0,0285Image 29.6204 ± 0.01935.1791 ± 0.01476.2196 ± 0.01407,0941 ± 0,0180Image 310.8999 ± 0.02107.7029 ± 0.01588.0599 ± 0.01638,6925 ± 0,0203Image 45.5502 ± 0.01464.4969 ± 0.01364.7327 ± 0.01404,6577 ± 0,0151Image 58.5834 ± 0.02634.2606 ± 0.02704.7496 ± 0.01945,7848 ± 0,0277Image 610.0060 ± 0.03155.2560 ± 0.02356.9648 ± 0.02587,3135 ± 0,0242Image 76.2529 ± 0.03344.3780 ± 0.02725.1844 ± 0.02845,0530 ± 0,0388Image 810.8664 ± 0.01775.3306 ± 0.01255.7988 ± 0.01377,9143 ± 0,0153Image 911.1375 ± 0.01686.2025 ± 0.01176.3451 ± 0.01368,1607 ± 0,0165Image 109.4922 ± 0.02174.9888 ± 0.01985.4295 ± 0.01976,6924 ± 0,0244). Each of the algorithms was run 100 times, the mean and the standard deviation of the results were recorded.

Since the noise free reference image of Collagen is not known, image quality of Collagen assessed with CNR metric. CNR gives an objective measure of useful contrast between a region of background noise (reference) and an image feature (target) \[[@r16]\]. The CNR is used to determine whether the fibers become more apparent compared to the background after denoising with proposed method.

In order to calculate CNR four regions-of-interest (ROI) are defined in the image. Means and standard deviations of the image feature (region with fiber) and background (region without fiber) are calculated for each region.
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where *μ~t~* and *σ~t~* represent the mean and standard deviation of the region of image feature; *μ~r~* and *σ~r~* represent the mean and standard deviation of the background noise \[[@r16]\].

3. Results {#sec1-3}
==========

Since the main source of noise is Poisson Noise in optical imaging, in order to evaluate the performance of our algorithm test images were degraded artificially with Poisson noise. The performance of the de-noising methods are quantitatively assessed using RMSE. Our method gives less RMSE than other methods for all comparisons ([Table 3](#t003){ref-type="table"}).

PURE-LET produces visible edge artifacts due to aliasing. Our DT-CWT based method does not exhibit this phenomena, which can be seen in [Fig. 3](#g003){ref-type="fig"} Fig. 3Aliasing effect.. [Figure 3](#g003){ref-type="fig"} shows a magnified part of the cameraman image.

The performance of the proposed de-noising algorithm on Collagen image is quantitatively assessed using CNR. Four ROIs were defined on the denoised and recorded images ([Figs. 4a](#g004){ref-type="fig"} Fig. 4(a) Collagen fiber image. (Left) Recorded image. (Right) Enhanced image using proposed method. (b) Image feature selection on magnified images., [4b](#g004){ref-type="fig"}). [Figure 4b](#g004){ref-type="fig"} shows a sample ROI in the magnified part of the Collagen image.

CNR values were averaged over four ROIs. As shown in [Table 4](#t004){ref-type="table"} Table 4Contrast enhancement effect of proposed method on collagen fiber image** Recorded  ImageProposed  Method**ROI 1.2,573,58ROI 2.0,654,01ROI 3.3,193,91ROI 4.2,983,66Average CNR2,353,79 the average CNR improvement after denoising is about 61%. The collagen fibers become more apparent compared to the background.

The results show that the our approach leads to better denoising with well-preserved image details.

4. Conclusion {#sec1-4}
=============

Our proposed DT-CWT based denoising method results in less error than other methods for all test images corrupted by Poisson noise. In addition, proposed method significantly improves the contrast of images.

Since our method is not iterative and thresholding is applied to the wavelet coefficients obtained only after one level decomposition of image, it allows fast denoising. Optical imaging, especially time-series imaging, produce large amounts of data. Also optical imaging usually requires low light levels. Our proposed method allows fast and efficient enhancement of image stacks that obtained under low light intensity conditions.

DWT based denoising suffers from ringing and aliasing artifacts. Our DT-CWT based method does not produce these artifacts which can be explained by the shift invariance property and improved directional selectivity of DT-CWT.

The quality of the collagen fiber images from the TPLSM is poor. Therefore it would be desirable to have a method, which enhances the fiber structures in the image while reducing the noise substantially. Collagen fibers became more apparent compared to the background after denoising with proposed method. Our proposed method significantly improves the CNR while preserving the edges in the orientation of the fiber.
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